
Received: 17 May 2021 Revised: 7 February 2022 Accepted: 1 March 2022

DOI: 10.1002/acm2.13595

R A D I AT I O N O N C O L O G Y P H Y S I C S

Dosimetric assessment of patient dose calculation on a
deep learning-based synthesized computed tomography
image for adaptive radiotherapy

Olga M. Dona Lemus1 Yi-Fang Wang1 Fiona Li1 Sachin Jambawalikar2

David P. Horowitz1,3 Yuanguang Xu1 Cheng-Shie Wuu1

1Department of Radiation Oncology,
Columbia University Irving Medical Center,
New York City, New York, USA

2Department of Radiology, Columbia
University Irving Medical Center, New York
City, New York, USA

3Herbert Irving Comprehensive Cancer
Center, New York City, New York, USA

Correspondence
Olga M. Dona Lemus, Department of
Radiation Oncology, Columbia University
Medical Center, CHONY North Bsmt Room
11, 622 West 168th Street, New York City, NY
10032, USA.
Email: omdona@gmail.com and
od233@cumc.columbia.edu

Senior Author: Cheng-Shie Wuu, Ph.D.

Abstract
Purpose: Dose computation using cone beam computed tomography (CBCT)
images is inaccurate for the purpose of adaptive treatment planning. The main
goal of this study is to assess the dosimetric accuracy of synthetic computed
tomography (CT)-based calculation for adaptive planning in the upper abdom-
inal region. We hypothesized that deep learning-based synthetically generated
CT images will produce comparable results to a deformed CT (CTdef) in terms
of dose calculation,while displaying a more accurate representation of the daily
anatomy and therefore superior dosimetric accuracy.
Methods: We have implemented a cycle-consistent generative adversarial
networks (CycleGANs) architecture to synthesize CT images from the daily
acquired CBCT image with minimal error. CBCT and CT images from 17 liver
stereotactic body radiation therapy (SBRT) patients were used to train, test, and
validate the algorithm.
Results: The synthetically generated images showed increased signal-to-noise
ratio, contrast resolution, and reduced root mean square error, mean absolute
error,noise,and artifact severity.Superior edge matching,sharpness,and preser-
vation of anatomical structures from the CBCT images were observed for the
synthetic images when compared to the CTdef registration method. Three veri-
fication plans (CBCT, CTdef, and synthetic) were created from the original treat-
ment plan and dose volume histogram (DVH) statistics were calculated. The
synthetic-based calculation shows comparatively similar results to the CTdef-
based calculation with a maximum mean deviation of 1.5%.
Conclusions: Our findings show that CycleGANs can produce reliable syn-
thetic images for the adaptive delivery framework. Dose calculations can be
performed on synthetic images with minimal error.Additionally,enhanced image
quality should translate into better daily alignment, increasing treatment delivery
accuracy.
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1 INTRODUCTION

Implementation of adaptive radiation therapy demands
complex and fast treatment delivery verification tech-
niques that consider different uncertainties in dose
delivery. Among the greatest contributors to uncertain-
ties during treatment are the inter-fractional anatomical
changes due to organ motion and tumor size changes.
A systematic feedback of images acquired during daily
treatment is required to monitor treatment variation and
to re-optimize or adapt the treatment plan during the
course of treatment.

Due to high inter-fraction anatomical variability, liver
and pancreatic cancer patients are ideal candidates to
benefit from adaptive radiation therapy.Daily cone beam
computed tomography (CBCT) is commonly acquired
for these patients to rigidly align the target volume to the
planning computed tomography (CT). However, due to
internal organ motion a deformable image registration-
based alignment is more suitable to accurately adapt
the treatment plan to the new geometry. Furthermore,
to precisely adapt the treatment plan to these daily vari-
ations, it is necessary to recalculate the daily dose to be
delivered.1

Dose computation using CBCT images is inaccurate
for the purpose of treatment planning.The cone-shaped
beam used in CBCT images significantly increases pho-
ton and electron scattering, reducing the accuracy of the
conversion from Hounsfield units (HU) to relative elec-
tron density.Previous estimates comparing the dose cal-
culated from CBCT with planning CTs report up to 3%
discrepancy.2 Thus, correction of the CBCT images is
required before attempting adaptive radiation therapy
implementation.

In the past 30 years, different strategies have been
implemented to correct relative electron density val-
ues from CBCT HU values. The first attempts to cor-
rect CBCT images were based on analytical methods
where the CBCT signal was defined as a convolution
of the primary signal and a scatter kernel. The main
issue with this technique was on the estimation of the
true scatter kernel.3,4 Analytical methods have yielded
improved image quality achieving a 2% error4; however,
scatter estimation accuracy is still insufficient under high
heterogeneous conditions. Monte Carlo-based methods
have been more robust in simulating scatter distribu-
tion, yet routine application has been limited due to
the low computational efficiency among other issues.5

Histogram matching is yet another method to correct
CBCT images. This method works best for patient-
specific histograms with a 0.9% error6 or slice-specific
histograms7 with a 3% error. Histogram matching meth-
ods rely on having paired datasets. When CBCT-
based anatomy diverges from CT-based anatomy, the
accuracy of the method turns out to be significantly
reduced.

Currently, the most common method to perform
CBCT-based patient dose calculation consists of
deforming the planning CT to target daily CBCT
anatomy. Dose calculation is performed in the deformed
CT (CTdef) preserving the accuracy of the HU to elec-
tron density. This method is based on image regis-
tration, which consists of aligning homologous points
in a source and a target image. Any image registra-
tion algorithm contains a transformation model describ-
ing the allowed degrees of freedom, a similarity met-
ric that quantifies the source to target alignment, and
an optimization routine to find the transformation that
maximizes similarity. The main limitation of this method
usually arises from the transformation model that also
defines the maximum allowed deformation. Large defor-
mation of internal organs generally produces incorrect
outer contours that affect the accuracy of the dose
calculation.1,8

With the current advances in artificial intelligence
and deep learning techniques, novel methods to correct
for CBCT images have been proposed. Translational
research from image processing and image reconstruc-
tion fields have created unsupervised image to image
translation systems capable of learning the optimal
transformation between two image sets. Furthermore,
translation systems where the source and target images
are un-paired have also been implemented.9 The lat-
ter is relevant in adaptive radiation therapy because
daily CBCT images usually do not have a paired CT
image. Generative adversarial networks (GANs) have
been successfully used in the un-paired image-to-image
translation.This unsupervised machine learning method
consists of two neural networks, a generator and a dis-
criminator. The generator’s goal is to produce synthe-
sized images that can fool the discriminator while the
discriminator’s goal is to distinguish synthesized images
from real images. This process repeats until the gen-
erator is fully trained in creating synthetic images that
the discriminator is unable to differentiate from the real
ones. The accuracy of the synthesized image is ulti-
mately controlled by a set of loss functions which are
continuously being minimized.

A previous study by Zhao et al.10 have used GANs
to correct ring artifacts in CBCT images. This study
combined the smooth loss with the generative adversar-
ial loss producing a generator-discriminator pair capa-
ble of creating synthesized CBCT images without ring
artifacts. Furthermore, a paper by Liang et al.11 imple-
mented a cycle-consistent GAN methodology to gener-
ate synthesized CT images from CBCT images for head
and neck cases. That study also compared the synthe-
sized CT images with deformed planning CT images
showing comparative results in terms of HU accuracy
and dose distribution.

Our main objective is to assess the dosimetric accu-
racy of a synthetic CT-based calculation for adaptive
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planning. In terms of dose distribution, we hypothesize
that synthetically generated images will produce com-
parable results to a CTdef in terms of dose calculation,
while displaying a more accurate representation of the
daily anatomy and therefore superior dosimetric accu-
racy. To achieve this goal, we implemented a GAN to
generate synthetic CT images in an anatomy with higher
inter-fraction variability such as the upper abdominal
cavity. A verification plan was created to calculate the
dose distribution using the synthesized image and the
results were compared with a CTdef-based calculation
and a CBCT-based calculation corresponding to the first
treatment fraction.

2 MATERIALS AND METHODS

2.1 Image acquisition and
preprocessing

The process for creating the synthetic CT images, con-
taining anatomical information from the CBCT images
and the correct HU from the planning CT, requires two
training cycles: CBCT-to-CT and CT-to-CBCT.

The planning CT images and CBCT images corre-
sponding to the first treatment fraction were retrospec-
tively obtained from 17 patients who underwent stereo-
tactic body radiation therapy (SBRT) for hepatocellular
carcinoma. These were used in the first training step to
create the planning CT datasets and the CBCT datasets,
respectively. All patient images were stripped of all per-
sonal identifiers for anonymization and stored internally
according to our institution protocol (IRB 888S5260).
Data from 11 patients (1760 images) were used for train-
ing the deep learning algorithm while the images from
six patients were used for testing (616 images). Data
augmentation techniques were used to amplify fourfold
the training set to a total of 7040 images.Classic 10-fold
cross-validation was used to evaluate and fine-tune our
model. We chose a relatively low amount of validation
data due to limited data availability and to maximize the
data available for training.

The planning CT images were acquired on a Siemens
Definition AS20 with a resolution of 1.2695 × 1.2695 ×
2 mm (512 × 512 × 246 pixels), 120 kVp, 142 mA, while
the CBCT images were acquired on a Varian TrueBeam
On-Board Imager with a resolution of 0.908 × 0.908 ×
1.988 mm (512 × 512 × 88 pixels), 125 kVp, 20 mA.
All CT images were rigidly registered, resampled, and
resized to match the size and resolution of the CBCT
images before starting the training stage.

Deformable registered CTs (CT-to-CBCT, CTdef) was
created for the testing dataset to assess HU and dose
calculation accuracy of the synthetic CT.The CTdef was
created in Velocity (Varian Medical Systems, Inc., Palo
Alto,CA) using the multistep registration tool,as this tool
is commonly used in the clinical setting.

The environment used to implement the deep learn-
ing algorithm consisted of four NVIDIA 2080Ti graph-
ics processing units (GPUs) each with 11 GB of GPU
RAM with an Intel CPU Core i7 7820X, 128 GB of sys-
tem memory running Ubuntu, Anaconda, Python 3.6.6
and Chainer 5.0.0. The training phase consisting of 50
epochs required approximately 12 h and the testing
phase achieved a translation speed of 64 images per
second.

3 CYCLE-CONSISTENT GENERATIVE
ADVERSARIAL NETWORK OVERVIEW

For this study, we used the Chainer12 implementation of
cycle-consistent generative adversarial network (Cycle-
GAN) proposed by Zhu et al.9 combined with the loss
function optimization proposed by Kida et al.13 Figure 1
shows the schematics of the CycleGAN architecture we
used in this study. In the training stage, the goal is to
train two generators: CBCT-to-CT (GCBCT→CT) and CT-
to-CBCT (GCT→CBCT) and two discriminators:CBCT dis-
criminator (DCBCT) and CT discriminator (DCT). The two
cycles in the training architecture are represented by the
red and blue lines, respectively. The cyclic images are
created by running a training image through a gener-
ator and its inverse (GCBCT→CT, GCT→CBCT). The differ-
ence between the original image and the cyclic image
must approach zero as the training cycles progress. At
this point the loss function is calculated.

The generators have multiple layers that perform
three computational phases: (1) encoding the input
image using convolutional neural network (cNN) layers
that extract the image features; (2) transforming the fea-
tures by passing them through three layers of residual
blocks;and (3) decoding the transformed features using
transposed cNN layers to build an output image with the
same size as the input image.

The loss functions define the goals we want to achieve
with the mapping. In this case, our goal was to preserve
the anatomical characteristics of the CBCT images and
the pixel intensity or HU number of the CT images.
Table 1 shows the loss functions and hyper-parameters
that were implemented in our algorithm to optimize the
synthesis of a CT image from a CBCT image. The
stochastic gradient-descent method was used to min-
imize the objective functions. Additional details on the
loss functions can be found in the Supporting Informa-
tion.

3.1 Implementation modifications

GAN algorithms were not originally designed for medi-
cal images, therefore they usually run out of GPU mem-
ory when dealing with 512 × 512 images. To overcome
this issue, we cropped the images to a 480 × 384 size,
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F IGURE 1 Cycle-consistent generative adversarial network (CycleGAN) training and testing architecture. The red arrow initiates training for
cone beam computed tomography (CBCT) to computed tomography (CT) image translation while the blue arrow initiates training for
CT-to-CBCT image translation. The generator and discriminator structures are shown in the bottom panel.

removing most of the free space (air).At 16 bits of depth,
the maximum size we were able to load on memory was
256 × 256, therefore, the space was randomly sampled
four times with a 256 × 256 matrix. This approach aug-
mented the original data, improving the accuracy of the
training process.

TABLE 1 Summary of loss functions and hyper-parameters

Functions Purpose
Hyper-
parameters Value

losscycle Cycle consistency loss,
GCBCT→CT = GCT→CBCT

’
λcycle 10.0

lossadv Adversarial loss, synthetizes
realistic images

λadv 1.0

lossgrad Gradient loss, preserves
edges and structures

λgrad 1.0

lossidem Idempotent loss, idempotency
preservation

λidem 1.0

losstv Total variation regularization
loss, produce spatially
uniform images

λtv 1.0

Despite previous studies13 recommending the use
of a reduced HU range to train the algorithm, a full
HU range was used for this implementation. Narrowing
the HU range to fit tissue variability generally improves
the optimization. The CBCT and CT images for liver
and pancreas include significant portions of the lungs.
Therefore, a larger range of HU from −1000 HU to 3000
HU was considered in the training phase.

3.2 Assessment metrics

Accuracy of the synthetically generated images was
assessed considering the preservation of anatomical
structures, image quality, and HU accuracy. We used
well established metrics such as the signal-to-noise ratio
(SNR), the root mean square error (RMSE), and the
mean absolute error (MAE) to assess the image qual-
ity of the synthetic image (t) compared to the reference
image (r) (Equations 1, 2, and 3). The checkerboard
method, Hausdorff distance, and Dice similarity metrics
were used to assess fine image structures and edge
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matching between registered images and pixel intensity
histograms (Equations 4 and 5). Organ-specific statis-
tics were used to assess HU accuracy.

The dosimetric accuracy of the synthetic-based dose
calculation was assessed using dose volume his-
tograms (DVHs), isodose lines comparison, and the
gamma index proposed by Low et al.14

SNR = 10 ⋅ log10

⎡⎢⎢⎣
∑nx−1

0
∑ny−1

0 [r (x, y)]2∑nx−1
0

∑ny−1
0 [r (x, y) − t (x, y)]2

⎤⎥⎥⎦
(1)

RMSE =

√√√√√ 1
nxny

nx−1∑
0

ny−1∑
0

[r (x, y) − t (x, y)]2 (2)

MAE =
1

nxny

nx−1∑
0

ny−1∑
0

[r (x, y) − t (x, y)]2 (3)

Hausdorff distance (X, Y )

= max
(
maxx∈X

(
miny∈Y ‖x − y‖) ,

maxy∈Y (minx∈X ‖y − x‖)
)

(4)

Dice (X, Y ) =
2 |X ∩ Y ||X | + |Y | (5)

The synthetic-based dose calculation was done with
the same calibration curve (HU – electron density) as
the planning CT. This calibration corresponds to the
CT Siemens simulator. A calibration curve was created
for the CBCT images acquired in the Varian On-Board
Imager (OBI). The OBI calibration curve was created
using the Catphan ®504 phantom with the half -fan filter
to measure HU values for different materials (Table 2).
The OBI calibration curve as shown in Figure 2 was
added to the beam configurations before dose calcula-
tion.

4 RESULTS

4.1 Accuracy of the synthetic image

Preservation of anatomical structures, image quality,
and HU’s accuracy were the three measures used
to assess the accuracy of the synthetic image. The
synthetically generated image was compared with the

TABLE 2 Hounsfield unit (HU) measurements of the Catphan
®504 phantom materials

Material
HU-
measured

Relative
electron
densitya

Mass
density
(g/cm3)

Acrylic [C5H8O2] 40 1.147 1.180

Air [.78N,.21O,.01Ar] −934 0.001 0.001

Polystyreneb [C8H8] −81 0.998 1.050

LDPEc [C2H4] −100 0.945 0.904

PMP [C6H12(CH2)] −202 0.853 0.830

Teflon [CF2] 888 1.868 2.200

Max 6000/13
520d

3.920 9.500

aRelative electron density is the electron density of the material in e/cm3 divided
by the electron density of water (H2O) in e/cm3.
bPolymethylpentene.
cLow density polyethylene.
dValues taken from the Eclipse standard curve. Relative electron density/mass
density.

F IGURE 2 Planning computed tomography (CT) and cone beam
computed tomography (CBCT) Hounsfield unit (HU)—relative
electron density calibration curves. The CT calibration is the standard
curve used for clinical purposes. The CBCT was measured for
comparison purposes.

planning CT image and the CBCT image in terms of
these measures. Preprocessing steps were necessary
such as a rigid registration transformation to center
both images at the same anatomical level and to crop
the excess CT slices from 480 to 88 slices.

4.1.1 Image quality

Basic image quality of the synthetic image was
assessed by computing SNR, RMSE, and MAE. The
planning CT image was used as the reference image for
calculation purposes. Table 3 shows that the synthetic
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F IGURE 3 Image quality visualization. Cone beam computed tomography (CBCT) (top W:541 L:116), computed tomography (CT) (middle
W:541 L:116), and synthetic CT (bottom W:541 L:116) images from the patient of interest (test patient). Axial, coronal, and sagittal slices from
left to right in that order. Red arrows on the sagittal and coronal slices pointing at lung artifact reduction and improved resolution, respectively.

images have lower SNR and lower RMSE and MAE
when compared with the CBCT image.

As shown in Figure 3, synthetically generated images
have higher contrast resolution and lower noise and
artifacts severity than the CBCT. Noise is significantly
reduced in the lungs,while an overall increased contrast
resolution has been observed. Streak artifacts are still

TABLE 3 SNR, RMSE, and MAE for the synthetic image and the
CBCT image. The CT image was used as the reference image

Image SNR (dB) RMSE (HU) MAE (HU)

CBCT P-1 8.79 107.80 81.31

P-2 0.97 112.02 74.31

P-3 2.04 138.14 71.10

P-4 3.44 156.81 66.00

P-5 0.58 164.77 80.88

P-6 2.05 144.24 64.15

Mean 2.98 ± 2.75 137.29 ± 21.19 72.95 ± 6.63

Synthetic P-1 6.16 25.64 19.86

P-2 0.09 99.18 51.56

P-3 1.76 123.88 60.11

P-4 1.84 130.39 62.39

P-5 0.28 154.06 70.23

P-6 0.41 119.44 62.47

Mean 1.76 ± 2.09 108.765 ± 40.54 54.44 ± 16.39

Abbreviations: CBCT, cone beam computed tomography; CT, computed tomog-
raphy; HU, Hounsfield unit; MAE, mean absolute error; RMSE, root mean square
error; SNR, signal-to-noise ratio.

present in the images, albeit significantly reduced. The
deep learning algorithm produces images with sharper
edges, therefore the HU values in air near air-tissue
interfaces appear lower than the ones expected in a real
CT image.

4.1.2 Preservation of anatomical
structures

The checkerboard method was used to establish a
detailed comparison of fine-image structures and edge
matching between the CBCT and the synthetic image.
The images were cut in an 8-by-8 checkerboard pat-
tern of squares with the synthetic image and the CBCT
image displaying in alternate squares. Additionally, a
checkerboard pattern was created for the deformed
planning CT (CTdef) to assess the advantage of using
a synthetic image as opposed to using the CTdef. A
visual comparison between both images is shown in
Figure 4. Edge matching and sharpness is well pre-
served in the synthetic image. The learning algorithm
was implemented exclusively with axial slices; however,
edge matching is also preserved in the sagittal and coro-
nal planes.

Hausdorff distance metrics and Dice similarity met-
rics were used to establish a quantitative compari-
son between structures contoured independently on
the synthetic images and the CTdef images using the
daily CBCT contours as the reference (Table 4). The
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F IGURE 4 Anatomical preservation. Checkerboard pattern for the synthetic and cone beam computed tomography (CBCT) (top) image,
CBCT image (middle), and checkerboard pattern for deformed CT (CTdef) and CBCT (bottom) images. Axial, coronal, and sagittal slices from
left to right in that order. Window level and window width of the CBCT image was changed to W:1087 L:−88 with the purpose of better
displaying the differences between the overlapped images.

contours in the synthetic images are consistently closer
to the CBCT contours than the deformed CT contours
as shown by the mean Hausdorff distance. Additionally,
the Dice coefficient shows a greater correlation between
the synthetic contours and the CBCT contours.

TABLE 4 Hausdorff distance and Dice similarity metrics (mean
± standard deviation [STD]). The cone beam computed tomography
(CBCT) image was used as the reference image

Image

Mean
Hausdorff
distance (mm)

Dice
Coefficient
(Coeff) ∆V(cc)

Synthetic Liver 1.49 ± 0.71 0.97 ± 0.015 6 ± 3

Heart 1.29 ± 0.60 0.95 ± 0.027 3 ± 2

Kidney 1.36 ± 0.62 0.91 ± 0.033 8 ± 5

Spinal
canal

0.79 ± 0.46 0.88 ± 0.031 2 ± 1

Lungs 0.89 ± 0.51 0.87 ± 0.054 5 ± 3

Mean 1.16 ± 0.27 0.92 ± 0.04 5 ± 2

CTdef Liver 4.18 ± 2.02 0.87 ± 0.042 63 ± 33

Heart 2.59 ± 1.21 0.90 ± 0.051 6 ± 4

Kidney 2.71 ± 1.16 0.82 ± 0.063 15 ± 7

Spinal
canal

1.66 ± 0.08 0.73 ± 0.050 8 ± 7

Lungs 3.56 ± 1.54 0.79 ± 0.091 52 ± 32

Mean 3.26 ± 0.65 0.82 ± 0.06 29 ± 24

Abbreviation: CTdef, deformed computed tomography.

While the synthetic images can replicate the anatomy
of the CBCT images, the CTdef fails at matching the
CBCT image in specifically localized regions. Large
spatial variations of gastrointestinal air cavities caused
the registration algorithm to fail in achieving an accu-
rate deformable registration around them. Additional
details of the process for creating and assessing the
deformable registered images are reported in the Sup-
porting Information.

4.1.3 Accuracy of Hounsfield units

HU accuracy was assessed globally by plotting his-
tograms of the three-dimensional (3D) volumes for
CBCT, CT, and synthetic images, respectively. As shown
in Figure 5, the histogram of the synthetic volumes
closely tracks the histogram of the CT volume. The syn-
thetic image histogram shows a better differentiation of
soft tissue when compared to the CBCT volume. Perfect
match is not reasonably expected as there are anatom-
ical differences across the unpaired datasets. The pres-
ence of fiducials on the planning CT as well as dif-
ferences between the couches also contribute to dif-
ferences between the synthetic histogram and the CT
image histogram.

To address these differences, HU accuracy was
assessed for specific organs of interest. The CBCT,
CT,and synthetic images were independently contoured
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F IGURE 5 Hounsfield unit (HU) histograms for the testing volumes corresponding to the computed tomography (CT), cone beam computed
tomography (CBCT), and synthetic images, respectively. The vertical axis represents the count (frequency) and the horizontal axis represents
the HU range.

TABLE 5 Hounsfield units (HU) mean, standard deviation (STD), and segment HU variability
⎛⎜⎜⎝
√

n = 6∑
n = 1

𝜎Pn
2
⎞⎟⎟⎠ for specific regions of interest

across test subjects

CT CBCT Synthetic

Segments Mean STD

√
n = 6∑
n = 1

𝝈Pn
2 Mean STD

√
n = 6∑
n = 1

𝝈Pn
2 Mean STD

√
n = 6∑
n = 1

𝝈Pn
2

Aorta 40 4 29 63 14 101 50 1 29

Spinal canal 22 6 34 26 2 79 23 9 43

Heart 36 2 32 74 13 75 42 7 33

Bones 349 64 250 385 44 200 400 21 246

Kidney 21 7 33 8 12 159 25 5 26

Lungs −719 11 225 −600 97 222 −804 24 191

Liver 54 3 28 38 13 70 57 1 48

Abbreviations: CBCT, cone beam computed tomography; CT, computed tomography.

to show the aorta, spinal canal, heart, bones, kidneys,
lungs, and the liver. Mean and standard deviation val-
ues are shown in Table 5. The mean percent HU differ-
ence of the synthetic HU values per organ relative to the
CT image was 17.2% (max 19%—kidneys; min 4.5%—
spinal canal). Under the same conditions, the mean per-
cent HU difference of the CBCT HU values per organ,
relative to the CT image was 42.8% (max 105%—heart;
min 10.3%—bones).Additionally,overall variability of the
synthetic image correlates with the CT image variability.
CBCT HU variability is higher than the CT variability for
soft tissue, while the overall variability is lower than CT
for bone and air.

4.2 Dosimetric accuracy of
synthetic-based treatment planning

The planning CT image was deformed to the CBCT
of the first treatment fraction to create a reference
image with the purpose of establishing the accuracy

of the synthetic-based dose calculation. Details and
assessment of the deformable registration process
are described in the Supporting Information. Overall,
the body contour and the bones match the CBCT
image; however, structures such as the liver, heart, and
stomach show target registration errors up to 7 mm.
Aliasing artifacts were also present on the CTdef
images.

The synthetic images and the CTdef of the test
patients were loaded into Eclipse (Varian Medical Sys-
tems) treatment planning system. Three verification
plans were created maintaining the same monitor units
according to the original treatment plan. Acuros XB ver-
sion 13.6.23 (Varian Medical Systems) was used as
the calculation model with 1 mm grid size. The test
patients had 5000 cGy in five fractions prescribed for
the treatment of a liver metastasis with 95% of the plan-
ning target volume (PTV) covered by 95% of the pre-
scription dose. The treatments were optimized for three
volumetric-modulated arc therapy (VMAT) partial arcs,
6MV energy on the Truebeam.
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F IGURE 6 Cumulative dose volume histograms (DVHs) for cone beam computed tomography (CBCT) (circle), synthetic (triangle), and
deformed computed tomography (CTdef)-based (square) dose calculations. Includes the planning target volume (PTV) (red) and the liver
(green) as the closest most common organ at-risk.

TABLE 6 Dose statistics for CBCT, CTdef, and synthetic image

CBCT-dose (%) Synthetic-dose (%) CTdef-dose (%)
P Structures Min Mean Max Min Mean Max Min Mean Max

P-1 PTV 84.1 101.4 112.0 85.4 105.0 111.6 81.8 105.1 113

Liver 0.1 18.7 109.3 0.1 19.4 111.6 0.1 18.8 112.3

P-2 PTV 36.7 100.3 117.2 39.3 100.2 115.3 52.7 101.8 115.1

Liver 0.0 8.1 114.9 0.1 8.4 114.2 0.1 8.3 113.7

P-3 PTV 28.4 99.4 112.7 74.8 104.5 113.2 66.1 104.4 109.8

Liver 1.3 37.6 111.1 1.3 43.5 112.8 1.4 43.3 109.8

P-4 PTV 51.2 101.3 126.7 56.4 102.3 126.3 53.4 106.7 128.7

Liver 0.1 27.9 123.2 0.3 28.5 123.5 0.4 28.3 127.2

P-5 PTV 36.5 98.8 115.2 71.5 101.2 117.8 68.4 100.3 114.3

Liver 0.0 18.8 115.2 0.1 18.7 117.8 0.2 17.3 114.3

P-6 PTV 51.5 102.5 126.7 59.1 103.4 126.3 53.4 107.9 128.7

Liver 0.1 27.9 126.2 0.3 28.5 126.5 0.4 28.3 128.2

Abbreviations: CBCT, cone beam computed tomography; CT, computed tomography; CTdef, deformed computed tomography; P, patient; PTV, planning target volume.

4.2.1 Dose volume histograms analysis

DVHs are the most common plan evaluation tools to
compare doses from different plans to tissue volumes.
All PTVs and organs at-risk were calculated for the three
plans:CTdef,CBCT,and synthetic.To ease the visualiza-
tion process,we exclusively included in the plots the PTV
and the liver.All three histograms were calculated on the
CBCT contours for each testing subject.

The greatest difference between the three plans was
observed in the PTV structure. On average, the vol-
ume covered at least by 100% of the prescription dose
was 92% for CTdef, 93% for synthetic, and 70% for
CBCT (Figure 6). Additional dose statistics per vol-
ume are reported in Table 6 for the CBCT, CTdef, and
synthetic-based calculation, respectively. The synthetic-
based calculation shows comparatively similar results

to the CTdef-based calculation with a mean deviation
of 1.5% to the PTV, while the CBCT-based calculation
showed a mean deviation of 3.6%.

4.2.2 Isodose lines comparison

The main limitation of DVHs is that they offer no spa-
tial information of the dose distributions. To account
for spatial differences, we compared axial, sagittal, and
coronal isodose distributions for the three calculation
methods. Figure 8 shows a comparison between the
synthetic-based calculation and the CTdef isodose lines
and a comparison between the CBCT-based calculation
and the CTdef isodose lines of one of the test sub-
jects. Regions with significant deviations (d > 2 mm)
from the CTdef are marked with a red arrow. Overall,
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F IGURE 7 Isodose lines comparison superimposed to the deformed computed tomography (CTdef) image. The thick solid line corresponds
to the reference computed tomography (CT)-based dose calculation while the thin solid line corresponds to the synthetic-based isodose (upper)
and the cone beam computed tomography (CBCT)-based isodose (lower). Red arrow points to regions of significant divergence (d > 2 mm).

F IGURE 8 Dose profile comparisons for the lateral direction of the axial, sagittal, and coronal planes respectively for Patient 1.

synthetic-based isodose lines show better agreement to
the CTdef isodose lines than the CBCT. In cases where
the PTV was near an air-tissue interface, we observed a
disagreement in the low dose region. Figure 7 shows an
example of this occurrence near the right lung-liver inter-
face on the 5 Gy isodose line. This region is commonly
blurred due to motion artifacts, with the averaging effect
being more pronounced on the CBCT image. The deep
learning algorithm produces images with sharper edges,

therefore the HU values in air near air-tissue interfaces
are lower than the ones expected in a real CT image.

4.2.3 Two-dimensional gamma analysis

The gamma comparison is commonly used to quanti-
tatively compare two dose distributions by combining
dose difference (∆D) and a distance to agreement (∆d)
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TABLE 7 Two-dimensional (2D) axial gamma passing rates (%)
for the test group at isocenter

P-1 P-2 P-3 P-4 P-5 P-6

CBCT-CTdef 96.2 98.1 99.2 94.4 93.9 96.3

Synthetic-CTdef 98.1 98.4 100 97.2 98.4 98.0

Abbreviations: CBCT, cone beam computed tomography; CTdef, deformed com-
puted tomography; P, patient.

TABLE 8 Global three-dimensional (3D) gamma passing rates
(%) for the test group

P-1 P-2 P-3 P-4 P-5 P-6

CBCT-CTdef 95.18 100 100 99.94 98.89 100

Synthetic-CTdef 94.11 100 100 99.97 99.64 100

Abbreviations: CBCT, cone beam computed tomography; CTdef, deformed com-
puted tomography; P, patient.

criteria as proposed by Low et al. (Equation 6). We
exported orthogonal slices at the isocenter for the three
dose verification plans (CBCT, CTdef, and synthetic)
and calculated the two-dimensional (2D) gamma for a
3%/2 mm, 10% dose threshold criteria using CTdef as
the reference dose distribution.Analogous points (re and
rr) in the evaluated and reference distributions are said
to agree when gamma ≤ 1 where:

Γ
(
⃖⃗re, r⃗r

)
=

√√√√√||⃖⃗re − r⃗r
||2

Δd2
+

|||D (
⃖⃗re
)
− D

(
r⃗r
)|||2

ΔD2
, 𝛾

(
r⃗r
)

= min
{
Γ⃗
(
⃖⃗re, r⃗r

)}
∀⃖⃗re (6)

Figure 8 shows dose profile comparisons for the lat-
eral direction of the axial, sagittal, and coronal planes,
respectively, for patient 1. The synthetic-based calcula-
tion shows comparatively similar results to the CTdef-
based calculation with a mean deviation of 0.3%, while
the CBCT-based calculation showed a mean deviation
of −4.6%. The gamma passing rates for the synthetic-
based calculation were 98.1%, 96.2%, and 96.1% for
axial, sagittal, and coronal slices, respectively, while the
gamma passing rates for the CBCT-based calculation
were 96.2%, 89.4%, and 89.4%, respectively.

Table 7 shows 2D axial gamma passing rates for
the test patients. On average, the mean dose differ-
ence between the synthetic-based calculation and the
CTdef-based calculation was 0.44% while the CBCT-
based calculation showed a mean deviation of 1.06%.
The average gamma passing rate with a 3%/2 mm crite-
ria for the synthetic-based calculation was 98.35% while
the average passing rate for the CBCT-based calcula-
tion was 96%.

4.2.4 Three-dimensional gamma analysis

The gamma analysis is most used for planar dose
comparisons, however, here we used the 3D gamma
implementation of the Low’s method14 in the Slicer
RT module15 to compare 3D dose volumes. CBCT,
synthetic, and CTdef-based dose maps were resam-
pled, resized, and cropped to match the smallest dose
matrix size (CBCT). Figure 9 shows gamma com-
parison plots for the synthetic-based calculation and
the CBCT-based calculation using CTdef as the ref-
erence dose distribution for one of the test patients.
A 3%/2 mm criteria with a 10% dose threshold
was used for this comparison. Gamma plots for the
rest of the patients can be found in the Supporting
Information.

Table 8 shows 3D gamma passing rates for the
test patients. The average gamma passing rate with a
3%/2 mm criteria for the synthetic-based calculation was
98.95%, while the average passing rate for the CBCT-
based calculation was 98.97%.

The 3D gamma maps were overlaid on the ref-
erence image showing the reference isodose lines.
Gamma values were given an upper bound of 2. The
3D gamma maps show that the synthetic-based cal-
culation has overall better agreement with the refer-
ence calculation. However, for one of the test patients
(P1), there is one area of concern near the right lung-
liver interface which corresponds to the 5 Gy isodose
mismatch observed before. The gamma passing rate
for this patient’s synthetic-based dose distribution was
94.11%.

Interestingly, despite showing widespread disagree-
ment, the CBCT-based distribution had a passing
rate of 95.18%. To understand this incongruity, we
plotted the gamma histograms for the synthetic-
based and the CBCT-based dose distributions on
Figure 10 and the percent dose difference histograms in
Figure 11.

In the passing range (0 < γ < 1), the CBCT-
CTdef gamma volume has 1.07% more voxels than the
synthetic-CTdef gamma volume;however, the synthetic-
CTdef gamma volume had more voxels for 0< γ< 0.007
and at every bin range except for 0.015 < γ < 0.2. The
synthetic-CTdef gamma volume also showed a spike in
voxels with 1.993 < γ < 2 which contributed to the lower
passing rate.

On the other hand, the percent dose difference his-
togram shown in Figure 11 illustrates that the mean per-
cent dose difference between the CBCT-based dose
calculation and CTdef is −1.18%, while the mean per-
cent dose difference between the synthetic-based dose
and CTdef was 0.16%.These results correlate with what
was presented before on the DVH and dose profile com-
parisons where underestimation of the dose was evi-
dent for the CBCT-based calculation.
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F IGURE 9 Synthetic (top) and cone beam computed tomography (CBCT) (bottom) three-dimensional (3D) gamma maps overlaid on
deformed computed tomography (CTdef) and reference isodose lines. Failing points for the 3%/2 mm criteria are shown for γ > 1.

F IGURE 10 Synthetic (orange) and cone beam computed
tomography (CBCT) (blue) gamma histograms. 256 bins. The vertical
axis represents the count (frequency) and the horizontal axis
represents the gamma range.

5 DISCUSSION

A successful implementation of adapting planning relies
on the accuracy of the feedback imaging acquired dur-
ing daily treatment. Because of the inherent limitations

F IGURE 11 Synthetic (orange) and cone beam computed
tomography (CBCT) (blue) percent dose difference histograms, 10%
threshold. 1024 bins. The vertical axis represents the count
(frequency) and the horizontal axis represents the percent dose
difference range.

of CBCT images, which are the result of a compro-
mise between image quality,acquisition speed,and dose
to the patient, adaptive treatments have depended on
image processing to compensate for such limitations.Up
to the present time, the favored adaptive method in the
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clinical practice is to deform the planning CT image and
its contours to match the daily acquired CBCT, then pro-
ceed to re-calculate the dose for adaptive monitoring or
re-planning.1

Despite the undeniable benefits of the multiple uses
of deformable image registration in radiotherapy plan-
ning, some limitations persist making the process overly
user-dependent. During a treatment course, the body’s
anatomy might go through changes that cannot be con-
sidered as small deformations of the original volume
but the addition or absence of entirely new structures
such as air pockets and mass growths. To force the
deformable registration algorithm around these chal-
lenges, tools such as structure-guided deformation16

can be used; however, achieving a good fit for certain
structures is accompanied by a detrimental fit for others.
Even commercially available software for adaptive plan-
ning requires the user to manually correct the deformed
contours adding a significant amount of time to the
adaptive planning process.

With this study, we assessed an alternative to
deformable image registration based on synthetically
generated images using deep learning algorithms. We
postulated that synthetically generated images can pro-
duce comparable results to a deformed CT in terms of
dose calculation while displaying a more accurate rep-
resentation of the daily anatomy and therefore improv-
ing the dosimetric accuracy. Additionally, the generation
of synthetic images is not user-dependent and can be
completed relatively faster than deformable image reg-
istration once the training stage is finalized.

To support our proposition, first we assessed the
accuracy of the synthetic images regarding the preser-
vation of anatomical structures, image quality, and HU
accuracy. The synthetically generated images exhibited
a noteworthy increase in image quality compared to
the CBCT image. Increased image quality was demon-
strated through increased SNR, contrast resolution and
lower RMSE, MAE, noise, and artifact severity. Superior
edge matching,sharpness,and preservation of anatom-
ical structures from the CBCT image was observed for
the synthetic images when compared to the deformable
image registration method. Quantitative metrics, such
as the Hausdorff distance and the Dice coefficient
also showed a higher correlation between the synthetic
image contours and CBCT contours when compared
with those obtained through deformable registration.
Furthermore, comparison of 3D volume HU histograms
showed that synthetic images and CT images have simi-
lar HU histograms that significantly differ from the CBCT
HU histogram. Organ-based HU statistics showed that
the mean percent HU difference from the CT images
was 17.2% for the synthetic images and 42.8% for the
CBCT images. Additionally, overall variability of the syn-
thetic image correlates with the CT image variability
while CBCT images showed a significantly increased
variability.

We assessed the dosimetric accuracy of the
synthetic-based dose calculation through the analy-
sis of DVHs, isodose lines comparison, and gamma
index evaluation. Three verification plans (CBCT, CTdef,
and synthetic) were created from the original treatment
plan and DVHs statistics were calculated. The largest
difference across the three plans was observed in the
PTV. The average volume receiving the prescription
dose was 92% for CTdef, 93% for synthetic, and 70%
for CBCT. The synthetic-based calculation showed
comparable results to the CTdef-based calculation
with a maximum mean deviation of 1.5% for the DVH
statistics and 0.44% for dose profiles, while the CBCT-
based calculation showed a maximum mean deviation
of 3.6% for the DVH statistics and 1.06% for the dose
profile statistics. To add spatial information to the dosi-
metric accuracy assessment, isodose volumes were
calculated and represented on the orthogonal planes.
Overall, synthetic-based isodose lines showed better
agreement to the CTdef-based isodose lines than the
CBCT-based. An interesting case was presented high-
lighting some limitations near the air-tissue interface.
Motion artifacts were significantly higher in this region,
with the averaging effect being more pronounced on the
CBCT image. The deep learning algorithm produced
images with sharper edges, therefore HU values in air
near air-tissue interfaces were consistently lower than
the ones expected in a real CT image.

While the current clinical practice and the literature
indicate that the passing rate of the gamma criteria
is commonly used to assess the level of agreement
between two dose distributions,17 it should be noted
that the efficacy of this method had to be placed under
scrutiny in our study when the CBCT-based dose distri-
bution passed the 3D gamma test despite evident dose
underestimation shown in the DVH analysis. Gamma
maps showed that the synthetic-based calculation had
overall better agreement with the CT-based calcula-
tion; however, the gamma passing rate for the synthetic-
based dose distribution and the CBCT-based dose dis-
tribution were 94.11% and 95.18%, respectively, for
3%/2 mm and 10% threshold criteria. Recent studies
have questioned the efficacy of gamma passing rates
in comparing two dose distributions.18,19 Furthermore,
two studies20,21 found that the gamma criteria had a
low sensitivity in detecting clinically relevant plan errors.
Although the efficacy of the gamma test is not the sub-
ject of study of this paper, it is important for the medi-
cal physics community to keep questioning the gamma
passing rate alone as an effective tool to compare dose
distributions for patient quality assurance among other
uses.

Methods to leverage synthetized medical images for
adaptive planning have been described before in the
literature. Some have focused on enhancement and
artifact removal of the CBCT images10,13 while others
have focused on improving CBCT segmentation.22,23
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Our approach differs from prior studies in that we
have focused on the accuracy of the synthetic images
for dose calculation and how the currently used
method based on deformable image registration can be
improved.While most studies have focused on head and
neck or prostate except for Liu et al.,24 that studied the
pancreatic region, we implemented our methodology in
an anatomical region with high inter and intra-fraction
variability and with a wide HU profile such as the upper
abdominal area. These are the areas that challenge the
image registration algorithms the most, therefore here
we assessed whether synthetically generated images
would be able to overcome these challenges.

Three technical limitations were identified in our study
that could be the focus of future studies. First, the
model is trained on images from a specific OBI-CT
simulator pair, hence the trained model is not gener-
alizable to all systems. Second, the CycleGAN imple-
mentation uses single slices (2D) from the input vol-
umes (3D). A 3D implementation will improve the per-
formance of the model particularly for any slice-to-slice
inconsistency25,26; however, GPU memory will be the
greatest challenge to overcome here.Lastly, the reduced
field of view of CBCT images will limit the implementa-
tion of synthetic only-based adaptive planning to small
targets as the PTV and close organs at-risk must be fully
contained in the image. Workarounds for this limitation
could be to fill in the missing data from the planning CT
volume as a valid approximation.

6 CONCLUSIONS

Our findings show that GANs can produce reliable
synthetic images for the adaptive delivery framework.
The synthetically generated images can preserve the
anatomical features of the CBCT images while match-
ing the HU of the planning CT image within an accept-
able range. Thus, dose calculations can be performed
on the synthetic images with minimal error. Finally,
enhanced image quality of the synthetic images could
potentially translate into better daily alignment, increas-
ing overall treatment delivery accuracy.

ACKNOWLEDGMENTS
We thank Dr. Lisa Kachnic and the department of Radi-
ation Oncology at Columbia University, for supporting
this research project. We also thank Mariamne Reina
for maintaining our IRB files and accreditations up-to-
date and John Rickman from the IT department for sup-
porting and maintaining our machine learning dedicated
server.

CONFL ICT OF INTEREST
The authors whose names are listed certify that they
have no affiliations with or involvement in any orga-
nization or entity with any financial interest (such as
honoraria; educational grants; participation in speakers’

bureaus;membership,employment,consultancies,stock
ownership,or other equity interest; and expert testimony
or patent-licensing arrangements) or nonfinancial inter-
est (such as personal or professional relationships, affil-
iations, knowledge, or beliefs) in the subject matter or
materials discussed in this manuscript.

AUTHOR CONTRIBUT IONS
Olga M. Dona Lemus designed the project, acquired
and analyzed the data, and wrote the manuscript. Yi-
Fang Wang and Li Feng contributed to data acquisi-
tion and analysis and revised the manuscript. David
P. Horowitz, Yuanguang Xu, and Sachin Jambawalikar
made significant contribution to the design of the work
and revised the manuscript. Cheng-Shie Wuu provided
the resources needed for the project, contributed to the
conception and design of the work, and revised the
manuscript.All authors approved the submitted draft and
agreed to be accountable for all aspects of this work.

REFERENCES
1. Brock KK, Mutic S, McNutt TR, Li H, Kessler ML. Use of image

registration and fusion algorithms and techniques in radiotherapy:
report of the AAPM Radiation Therapy Committee Task Group
No. 132. Med Phys. 2017;44(7):e43-e76. http://doi.org/10.1002/
mp.12256.

2. Yang Y, Schreibmann E, Li T, Wang C, Xing L. Evaluation of on-
board kV cone beam CT (CBCT)-based dose calculation. Phys
Med Biol. 2007;52(3):685-705. http://doi.org/10.1088/0031-9155/
52/3/011.

3. Love LA, Kruger RA. Scatter estimation for a digital radiographic
system using convolution filtering.Med Phys.1987;14(2):178-185.
http://doi.org/10.1118/1.596126.

4. Sun M, Star-Lack JM. Improved scatter correction using adaptive
scatter kernel superposition. Phys Med Biol. 2010;55(22):6695-
6720. http://doi.org/10.1088/0031-9155/55/22/007.

5. Xu Y,Bai T,Yan H,et al.A practical cone-beam CT scatter correc-
tion method with optimized Monte Carlo simulations for image-
guided radiation therapy. Phys Med Biol. 2015;60(9):3567-3587.
http://doi.org/10.1088/0031-9155/60/9/3567.

6. Richter A, Hu Q, Steglich D, et al. Investigation of the usability
of conebeam CT data sets for dose calculation. Radiat Oncol.
2008;3(1):42. http://doi.org/10.1186/1748-717X-3-42.

7. Abe T,Tateoka K,Saito Y,et al.Method for converting cone-beam
CT values into Hounsfield units for radiation treatment planning.
Int J Med Phys Clin Eng Radiat Oncol. 2017;06(04):361-375.http:
//doi.org/10.4236/ijmpcero.2017.64032.

8. Kurz C, Kamp F, Park Y-K, et al. Investigating deformable image
registration and scatter correction for CBCT-based dose calcu-
lation in adaptive IMPT. Med Phys. 2016;43(10):5635-5646. http:
//doi.org/10.1118/1.4962933.

9. Zhu J-Y, Park T, Isola P, Efros AA, Unpaired image-to-image
translation using cycle-consistent adversarial networks.The IEEE
International Conference on Computer Vision (ICCV). IEEE.
2017. https://doi.org/10.48550/arXiv.1703.10593

10. Zhao S, Li J, Huo Q, Removing ring artifacts in CBCT
images via generative adversarial network. 2018 IEEE Inter-
national Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). IEEE.2018:1055-1059.http://doi.org/10.1109/
ICASSP.2018.8462316

11. Liang X, Chen L, Nguyen D, et al. Generating synthesized com-
puted tomography (CT) from cone-beam computed tomography
(CBCT) using CycleGAN for adaptive radiation therapy. Phys
Med Biol.2019;64(12):125002.http://doi.org/10.1088/1361-6560/
ab22f9.

http://doi.org/10.1002/mp.12256
http://doi.org/10.1002/mp.12256
http://doi.org/10.1088/0031-9155/52/3/011
http://doi.org/10.1088/0031-9155/52/3/011
http://doi.org/10.1118/1.596126
http://doi.org/10.1088/0031-9155/55/22/007
http://doi.org/10.1088/0031-9155/60/9/3567
http://doi.org/10.1186/1748-717X-3-42
http://doi.org/10.4236/ijmpcero.2017.64032
http://doi.org/10.4236/ijmpcero.2017.64032
http://doi.org/10.1118/1.4962933
http://doi.org/10.1118/1.4962933
https://doi.org/10.48550/arXiv.1703.10593
http://doi.org/10.1109/ICASSP.2018.8462316
http://doi.org/10.1109/ICASSP.2018.8462316
http://doi.org/10.1088/1361-6560/ab22f9
http://doi.org/10.1088/1361-6560/ab22f9


LEMUS ET AL. 15 of 15

12. Tokui S, Okuta R, Akiba T, et al. Chainer: a deep learning frame-
work for accelerating the research cycle.Proceedings of the 25th
ACM SIGKDD International Conference on Knowledge Discov-
ery & Data Mining. ACM. 2019:2002-2011. http://doi.org/10.1145/
3292500.3330756

13. Kida S, Kaji S, Nawa K, et al. Visual enhancement of Cone-beam
CT by use of CycleGAN. Med Phys. 2020;47(3):998-1010. http:
//doi.org/10.1002/mp.13963.

14. Low DA,Harms WB,Mutic S,Purdy JA.A technique for the quanti-
tative evaluation of dose distributions.Med Phys.1998;25(5):656-
661. http://doi.org/10.1118/1.598248.

15. Pinter C, Lasso A, Wang A, Jaffray D, Fichtinger G. SlicerRT:
radiation therapy research toolkit for 3D slicer. Med Phys.
2012;39(10):6332-6338. http://doi.org/10.1118/1.4754659.

16. Gu X, Dong B, Wang J, et al. A contour-guided deformable
image registration algorithm for adaptive radiotherapy. Phys
Med Biol. 2013;58(6):1889-1901. http://doi.org/10.1088/0031-
9155/58/6/1889.

17. Steers JM, Fraass BA. IMRT QA: selecting gamma criteria based
on error detection sensitivity. Med Phys. 2016;43(4):1982-1994.
http://doi.org/10.1118/1.4943953.

18. Carrasco P, Jornet N, Latorre A, Eudaldo T, Ruiz A, Ribas M. 3D
DVH-based metric analysis versus per-beam planar analysis in
IMRT pretreatment verification.Med Phys.2012;39(8):5040-5049.
http://doi.org/10.1118/1.4736949.

19. Stasi M, Bresciani S, Miranti A, Maggio A, Sapino V, Gabriele P.
Pretreatment patient-specific IMRT quality assurance: a correla-
tion study between gamma index and patient clinical dose vol-
ume histogram.Med Phys. 2012;39(12):7626-7634.http://doi.org/
10.1118/1.4767763.

20. Kruse JJ. On the insensitivity of single field planar dosimetry to
IMRT inaccuracies. Med Phys. 2010;37(6Part1):2516-2524. http:
//doi.org/10.1118/1.3425781.

21. Nelms BE, Zhen H, Tomé WA. Per-beam, planar IMRT QA pass-
ing rates do not predict clinically relevant patient dose errors.
Med Phys. 2011;38(2):1037-1044. http://doi.org/10.1118/1.
3544657.

22. Jia X, Wang S, Liang X, et al. Cone-beam computed tomography
(CBCT) segmentation by adversarial learning domain adaptation.
Medical Image Computing and Computer Assisted Intervention
– MICCAI 2019 - 22nd International Conference, Proceedings.
2019:567-575. http://doi.org/10.1007/978-3-030-32226-7_63

23. Fu Y, Lei Y, Wang T, et al. Pelvic multi-organ segmenta-
tion on CBCT for prostate adaptive radiotherapy. Med Phys.
2020:mp.14196. http://doi.org/10.1002/mp.14196.

24. Liu Y, Lei Y, Wang T, et al. CBCT-based synthetic CT generation
using deep-attention CycleGAN for pancreatic adaptive radio-
therapy. Med Phys. 2020;47(6):2472-2483. http://doi.org/10.1002/
mp.14121.

25. Cirillo MD, Abramian D, Eklund A. Vox2Vox: 3D-GAN for brain
tumour segmentation. International MICCAI Brainlesion Work-
shop. 2021:274-284. http://doi.org/10.1007/978-3-030-72084-1_
25

26. Abramian D, Eklund A. Generating fMRI volumes from
T1-weighted volumes using 3D CycleGAN. arXiv preprint. 2019.
http://arxiv.org/abs/1907.08533

SUPPORTI NG I NFORMATI ON
Additional supporting information may be found in the
online version of the article at the publisher’s website.

How to cite this article: Lemus OMD, Wang
Y-F, Li F, et al. Dosimetric assessment of patient
dose calculation on a deep learning-based
synthesized computed tomography image for
adaptive radiotherapy. J Appl Clin Med Phys.
2022;23:e13595.
https://doi.org/10.1002/acm2.13595

http://doi.org/10.1145/3292500.3330756
http://doi.org/10.1145/3292500.3330756
http://doi.org/10.1002/mp.13963
http://doi.org/10.1002/mp.13963
http://doi.org/10.1118/1.598248
http://doi.org/10.1118/1.4754659
http://doi.org/10.1088/0031-9155/58/6/1889
http://doi.org/10.1088/0031-9155/58/6/1889
http://doi.org/10.1118/1.4943953
http://doi.org/10.1118/1.4736949
http://doi.org/10.1118/1.4767763
http://doi.org/10.1118/1.4767763
http://doi.org/10.1118/1.3425781
http://doi.org/10.1118/1.3425781
http://doi.org/10.1118/1.3544657
http://doi.org/10.1118/1.3544657
http://doi.org/10.1007/978-3-030-32226-7_63
http://doi.org/10.1002/mp.14196
http://doi.org/10.1002/mp.14121
http://doi.org/10.1002/mp.14121
http://doi.org/10.1007/978-3-030-72084-1_25
http://doi.org/10.1007/978-3-030-72084-1_25
http://arxiv.org/abs/1907.08533
https://doi.org/10.1002/acm2.13595

	Dosimetric assessment of patient dose calculation on a deep learning-based synthesized computed tomography image for adaptive radiotherapy
	Abstract
	1 | INTRODUCTION
	2 | MATERIALS AND METHODS
	2.1 | Image acquisition and preprocessing

	3 | CYCLE-CONSISTENT GENERATIVE ADVERSARIAL NETWORK OVERVIEW
	3.1 | Implementation modifications
	3.2 | Assessment metrics

	4 | RESULTS
	4.1 | Accuracy of the synthetic image
	4.1.1 | Image quality
	4.1.2 | Preservation of anatomical structures
	4.1.3 | Accuracy of Hounsfield units

	4.2 | Dosimetric accuracy of synthetic-based treatment planning
	4.2.1 | Dose volume histograms analysis
	4.2.2 | Isodose lines comparison
	4.2.3 | Two-dimensional gamma analysis
	4.2.4 | Three-dimensional gamma analysis


	5 | DISCUSSION
	6 | CONCLUSIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST
	AUTHOR CONTRIBUTIONS
	REFERENCES
	SUPPORTING INFORMATION


